The unconditional mean-variance efficiency of the Morgan Stanley Capital International world equity index is investigated. Using data from 16 OECD countries and Hong Kong and maintaining the assumption of multivariate normality, we cannot reject the efficiency of the benchmark. However, residual diagnostics reveal sigI'lificant departures from normality. We test the sensitivity of the results by specifying error structures that are t-distributed and mixtures of normal distributions. Even after relaxing the i.i.d. assumption, we cannot reject the mean-variance efficiency of the world portfolio. Our results suggest that differences in country risk exposure, measured against the MSCI world portfolio, will lead to differences in expected returns.
Introduction
As world capital markets have become more integrated, there is increased interest in international asset allocation. A number of mutual funds offer country index portfolios. Pension funds are beginning to realize the benefit of international participation. As such, it is important to be able to reliably assess the risk of investing in different national markets and to understand how that risk is rewarded.
To investigate the relation between risk and expected returns, an asset pricing model must be specified. However, the usefulness of the standard asset pricing paradigms has been challenged in recent cross-sectional work. But, with growing international integration, the case for the NYSE-AMEX portfolio being the 'market portfolio' is strained. Indeed, Harvey (1991) finds that the U.S. equity portfolio is unconditionally dominated by a more general 'world' portfolio. As 108 C.R. Harvey and G. Zhou, International asset pricing such, it is of considerable interest to investigate the viability of a global asset pricing model. The goal of this paper is to test a single factor world capital asset pricing model. This model implies that the cross-section of expected asset returns is related to the assets' sensitivities to movements in a world market portfolio. Testing this model is equivalent to testing the unconditional mean-variance efficiency of the world market porfolio.
Most previous work starts with the assumption of multivariate normality of the joint returns distribution.! However, it is also well known that equity returns, in many cases, depart from normality. So an important part of our analysis is to assess the sensitivity of the inference to the distributional assumptions.
We begin our investigation by assuming, as others have, that returns are drawn from a multivariate normal distribution. The multivariate tests fail to rejcct the unconditional efficiency of this benchmark portfolio.
The next part of the paper examines the distributional properties of the market model residuals. Skewness and kurtosis statistics are presented and exact probability values are presented for the test of the null hypothesis that the data are generated from a normal distribution. Tests for conditional heteroskedasticity are also presented here. The evidence suggests that there are departures from normality in many cases.
Given the evidence against normality, we modify the multivariate asset pricing tests for alternative distributional specifications. Tests are presented for two cases of the multivariate-t distribution and two cases of mixtures of normals. The distributions are chosen to be, in one case, close to normal and in the other representing a substantial departure from the normal. The multivariate cfficiency tests are remarkably robust to changes in the distributional specifications.
f;inally, we present tests that drop all distributional assumptions except for stationarity and ergodicity. Multivariate tests based on the generalized method of moments estimation are robust to departures from normality and to conditional heteroskedasticity. Even with this general specification, the mean-variancc efficiency o~ the world portfolio cannot be rejected. However, when the tests ,lrc specialized to the returns of the group of seven countries, there is some evidence against the efficiency of this benchmark.
Thc paper is organized as follows. In the second section, the approaches to testing mean-variance efficiency under the assumption of multivariate normality ,ire dctailed. Next, the tests are modified to accommodate alternative distribution,il specifications: the multivariate t-distribution and the mixture of normals. Finally, tests based on the generalized method of moments are presented. The I r;or a review and a list of references on tests of international asset pricing models, see Solnik (1977) , Adler and Dumas (1983) and Stulz (1983 Stulz ( , 1992 . data are described and some summary statistics are presented in the third section. The fourth section contains the empirical results. Some concluding remarks are offered in the final section.
Methodology

An international CAPM
Tests of the single factor capital asset pricing model of Sharpe (1964) and Lintner (1965) begin with a statistical representation of the teturns generating process. The multivariate linear factor model or 'market model' regression is: rr=a+prpt+Er, t=I,..., T,
where r is a N x 1 (number of assets) vector representing returns in excess of a reference asset, a is the intercept vector, P is the slope vector. The common factor is r p which, if a traded security, represents the return on the asset. The slope vector, p, is the sensitivity of the portfolio return to changes in this benchmark return. Finally, F. is the disturbance vector with mean zero and a variance-covariance matrix E. The disturbance also has the following properties: -{Ujj'
Eeirejs= 0,
t ' ot erWlse;
for all assets i and j. Multivariate normality of the asset returns is sufficient for the statistical specification in (1). Assuming that agents minimize the variance of their portfolio for a given level of expected return and assuming that the reference asset which is used to calculate the excess returns is riskless, Sharpe (1964) and Lintner (1965) show that expected excess returns will be proportional to an expected benchmark return:
In the model of Sharpe and Lintner, this benchmark portfolio, r pI' is a valueweighted portfolio of all invested wealth. Investors choose a portfolio strategy by levering up or down this market portfolio. In terms of (1), the asset pricing model imposes the following restriction:
Ho: a=O.
Of course, market portfolio is assumed to be efficient in terms of expected return and variance. In this sense, a test of the Sharpe-Lintner model is also a test of the mean-variance efficiency of the given portfolio which is specified as the benchmark. Roll (1977) makes a powerful case for caution in interpreting tests of the CAPM. If the benchmark is incorrectly specified, then we may falsely reject the asset pricing model; Indeed, it may never be possible to test the CAPM because of the difficulty in identifying the market portfolio, but the efficiency of the a given benchmark can be tested. Roll's (1977) critique of tests of the CAPM was directed at empirical work which used u.s. equity returns and some version of the NYSE equity stock portfolio as the market portfolio. Stambaugh (1982) investigated the sensitivity of inference to different specifications of this market portfolio. However, Stambaugh's different benchmarks were exclusively composed of U.S. assets.
While it might have been reasonable in early empirical work to assume that some U.S. portfolio is a plausible proxy for all invested wealth, it is more difficult to make this case today. World capital market have become much more integrated. Chan, Karolyi and Stulz (1992, figure 1) show that U.S. share of world equity markets has dropped below 40% in recent years. Furthermore, Chan, Karolyi and Stulz, as well as Harvey (1991) , show that the risk premium on the U.S. 'market' portfolio is driven not by the variance of the market return (as one would expect with a domestic version of the CAPM) but by the covariance with a world market return benchmark.
However, for (1) to hold in an international setting, it is necessary to make additional assumptions. Capital markets must be integrated. In addition, investors are mean-variance optimizers in a common numeraire currency which is assumed to be the U.S. dollar. The sufficient conditions for the international CAPM to hold are detailed in Solnik (1974) , Stulz (1981 Stulz ( , 1983 and Adler and Dumas (1983) .
041
O.3F ig. 1. A comparison of a standardized normal distribution (solid curve) with two t distributions.
where C=r((1+v)j2)jr(vj2)(vn)1!2 is a constant, v is the degrees of freedom, U2 is the variance and r( -) is the gamma function. The distributions are computed for v= 3 (dotted curve) and for v= 10 (dashed curve). Tests of the international CAPM are now joint tests of the mean-variance efficiency of the world market portfolio and the integration of world capital markets. Interestingly, there has been little work assessing the unconditional mean-variance efficiency of a world market portfolio. Cumby and Glen (1990) are unable to reject the efficiency of the Morgan Stanley Capital International (MSCI) world portfolio using a sample of mutual funds and six years of data. Harvey (1991, figure 1) shows that the U.S. equity portfolio is unconditionally dominated (lower expected return and higher variance) by the MSCI world portfolio. -.
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The world market portfolio also plays a role in the conditional asset pricing tests of Harvey (1991) , Chan, Karolyi and Stulz (1992) and F6rson and Harvey (1992) . With some approaches, such as the latent variables methodology, the benchmark need not be prespecified. However, the evidence presented in Harvey, Solnik and Zhou (1992) suggests that the first latent factor is 95% correlated with the MSCI world index.2 Of course, the unconditional efficiency is a special case of conditional efficiency -when sufficient restrictions are placed on the conditioning information.
Given the specification of the MSCI world equity index as the market portfolio, we will explore alternative ways to test the restriction in (4) (X = o.
Special attention will be paid to the sensitivity of inferences to the distribution specifications.
The classical F-test
Gibbons, Ross and Shanken (1989) propose a multivariate test of the intercept restriction (4). They propose the statistic:
--
where 8p is the ratio of the mean to the standard deviation (unadjusted for degrees of freedom) of the given portfolio return and E is the unbiased OLS estimator (cross-product of the residuals divided by T -2) of the variancecovariance of the disturbances in (1). The test statistic is:
where N is the number of assets and T represents the number of time-series observations. This statistic follows a non-central F -distribution with numerator 2The latent variables approach was pioneered by Hansen and Hodrick (1983) and Gibbons and Ferson (1985) . Recent empirical tests using international data are also found in Bekaert and Hodrick (1992) , Campbell and Hamao (1992) , Chang, Pinegar and Ravichandran (1991) and Harvey (1991) . and denominator degrees of freedom, Nand (T-N-l), respectively. The noncentrality parameter is:
However, under the null hypothesis a=O, which implies that A =0. Hence, the statistic is distributed as a central F. Gibbons, Ross and Shanken (1989) also provide the geometric intuition behind the Wu statistic.3 The condition a=O implies the benchmark portfolio is tangent to a ray originating from the zero point on the expected excess return axis and touching the unconditional mean-variance frontier. Of course, given some data, we can construct this ray (to an ex post efficient portfolio) and measure its slope. Similarly, we could measure the slope of the ray with the same origin point to the given portfolio (say the MSCI world market portfolio). The W u statistic is just the ratio of one plus the squared slope to the tangency portfolio to one plus the squared slope to the given portfolio. If the given portfolio is efficient or close to efficient, this ratio is small and the test statistic is small. However, if the given portfolio is well inside the frontier, the ratio will be large and the statistic will yield evidence against the mean-variance efficiency.4
The approach of Gibbons, Ross and Shanken (1989) relies upon the multivariate normality of the disturbance distribution and on conditional homoskedasticity. With any deviation from these assumptions, the statistic has unknown properties. Our goal is to investigate what happens to the inference when the 2.3. Exact tests for normality Both the Gibbons, Ross and Shanken (1989) test assumes that the distribution of the residuals is multivariate normal. We conduct diagnostics of the residuals and present exact tests for normality. In other words, the p-value is exactly the p-value with the given sample size in contrast to the asymptotic p-value where the number of observations must be very large.5 We do this by calculating the sample third and fourth central moments, the skewness and kurtosis, and comparing the sample moments with those expected if the data are drawn from a normal distribution.
Let X I, . . . , X T be the observations on a random variable X. The (sample) skewness and kurtosis for each of residuals is defined as:
Tt=1 Tt=1 where Ct == X r -X, and X and S2 are the sample mean and sample variance respectively. When X is from a symmetric distribution, we expect, on average, to observe an equal number of positive Ct'S and negative Ct'S, implying bi should be close to zero. Indeed, if the data are from a normal distribution, it is well known that .
If the observed bi is large, the data are skewed and we reject the normality. To get some intuition about the kurtosis, we notice that c[ is the (squared) distance between Xt and X. When Xt and X are close, c[ is close to zero. Therefore, b2 measures the overall departure of the data points from the 'central' point X. If the data points are heavily concentrated near X, b2 will be close to zero. On the other hand, if the data points depart greatly from X, b2 will be large. Both of these cases are violations of normality. In the normality case, it can be shown that
So, if the data actually comes from a normal distribution, we would expect to get on the average a value of about 3 for b2.
The exact p-value of both the skewness and kurtosis test is computed by a method suggested in Zhou (1992) . To motivate the method, notice that if we can draw samples from the residuals, the distribution of both the skewness and kurtosis can then be determined by the samples, because they are functions of the samples, and hence the p-value. The null hypothesis is that the residuals are normal with mean zero. Under the null, the residuals follow N(O, 0"2), where 0" is the standard deviation. Because 0" is an unknown parameter, samples of the residuals cannot be drawn from the normal distribution. However, there is an important property of both the skewness and kurtosis -they are invariant to scaling. That is, samples from N(O, 0"2) or samples from N(O, I) will have the same values of skewness and kurtosis. Therefore, as far as the distribution of both the skewness and kurtosis is concerned, we can simply draw samples from N(O, 1). With say 10,000 samples, the means of the skewness and kurtosis parameters are given by the sample means. The p-values are determined from the sample distributions.
The distributions of both the skewness and kurtosis are given by an integration over a T-dimensional space. For example, Prob(b1 <x) is the integration over the region hI <x of the standard normal densities multiplied by dXi, i= 1, . . . , T, where X=(XI, . . . , XT) is in the T-dimensional space. Therefore, the above method for the computation of the p-values is also a Monte Carlo integration approach. As shown in Zhou (1992) , with 10,000 samples, the results are 2 to 3 digits accurate, which for our purposes are satisfactory.
Tests assuming alternative distributions
Although we don't know the true distributions of the residuals, it is of interest to consider two alternative multivariate distributions which contain the multivariate normal as special cases. These distributions are chosen to provide a closer match to the data than the usual assumption of a multivariate normal distribution.
The first is the multivariate t with density:
where C = r((N + v) j2)jr(vj2) (vn)N/2 is a constant, E is an N x 1 vector, v represents the degrees of freedom and r(-) is the gamma function. With a multivariate t assumption on the residuals, the first two moments are:
The multivariate t has fatter tails than the normal. As the degrees of freedom get large, this distribution becomes identical to the normal. However, to have finite second moments, the degrees of freedom must be greater than two. The idea of obtaining the exact p-values of the Gibbons, Ross and Shanken (1989) test is similar to the way we calculated the exact p-values for the normality tests using the sample skewness and kurtosis. It is easy to write the W u statistic as a function of the residuals. Thus, if the residuals can be drawn from the multivariate t distribution, it is straightforward to obtain the exact p-values of the multivariate test. However, the parameter E is unknown. Nevertheless, the theoretical results in Zhou (1992) show that the multivariate test is invariant to the specification of E. Hence, to obtain p-value, we can assume 1: = I, and the method follows precisely the same steps outlined for the normality tests.
Of course, our goal is to assess the sensitivity of the multivariate test proposed by Gibbons, Ross and Shank en (1989) to the choice of distributional assumptions. We choose two different t distributions. The first has 3 degrees of freedom and represents a large deviation from normality. The second distribution has 10 degrees of freedom and resembles more closely a normal distribution. Fig. 1 provides a comparison of a univariate normal distribution to these two C.R. Harvey and G. Zhou. International asset pricing (12) t distributions. It is evident that the t distributions have skewness and kurtosis that may better approximate the .data.
The second set of distributions are referred to as mixture normal distributions. This distribution has a density function:
where e and yare the degrees of freedom. When e = 0, the distriblttion is the usual multivariate normal form. When 0 < e < 1, the distribution is a mixture of two normal distributions. The mean and covariance of the mixture normal distribution are:
E(E)=O, and Var(E)=(I-r.+ey)I.
In our efficiency test, we fix the parameter y = 10 so that the second normal distribution has covariance matrix 10 times as large as the first.6 The p-values are then computed at r. = 3 % and e = 50%, representing small and large deviations from the normality. exp ( -x2/2AQ2), where 8 and A are the degrees of freedom and Q2 is the variance. When 8 = 0, the distribution is normal. When 0<8< 1, the distribution is a mixture of two normal distributions. We set the parameter A = 10 so that the second normal distribution has covariance matrix 10 times as large as the first. The distributions are then computed at 8 = 3% (dotted curve) and 8 = 50% (dashed curve), representing small and large deviations from the normality.
6Our goal in choosing y = 10 is to obtain a distribution that substantially deviates from the normal. As with the t distribution, the mixture normal is centered around zero and does not account for the skewness in the disturbance distribution. However, these two distributions may more closely approximate the true distribution of the data and provide a check of the robustness of the inference to departures from normality. Similar to our approach with the multivariate t, we recalculate the multivariate test of whether the intercepts are zero assuming that the residual distribution is multivariate mixture normal. The procedure for computing the exact p-values is the same for the multivariate mixture normal except that samples are now drawn from the mixture normal distribution with E = I.
Multivariate GMM tests
The tests presented so far assume that the data are drawn from particular probability distributions. Initial test statistics have been calculated assuming the data are normal. We then considered four alternative distributions: two versions of the multivariate t and two mixture normal distributions. In all four of these cases, the residuals in (1) are assumed to be ii.d. We now present tests which use Hansen's (1982) generalized method of moments. No particular distributional assumptions are needed other than the data are stationary and ergodic. The residual distribution need not be i.i.d.
The GMM begins with the disturbance definition in (1): f,t=rt-a-prpt.
(15) The idea of the GMM approach 7 is to use sample moments conditions to replace the population moment conditions of the model restrictions. The parameter estimates are obtained as the solution of minimizing a sum of the weighted sample moments conditions. The relevant population moment conditions are:
and.
E (r pre,) = 0 .
The corresponding sample moment conditions are:
gur(a,p)=L ' r = 1 r pr&r 7See Harvey (1989) , Richardson and Smith (1991) and MacKinlay and Richardson (1991) for a description of how to use the GMM in asset pricing tests. C.R. Harvey and G. Zhou. International asset pricing (17) (18) divided by the number of observations. The subscript ur denotes 'unrestricted', The dimension of gur is 2N by 1 where N is the number of assets.
At the true parameters, (16) and (17) are satisfied exactly and so their sample analog should be small. This implies that the weighted residuals and the cross products should be small, J =gur(a, p)'Wur!:ur(a, P),
where Wur, 2N x 2N, is the weighting matrix. However, when (19) is minimized, it will only equal zero if there is a parameter for each moment condition (model is exactly identified). In general, we cannot require that all the moment conditions be satisfied because there may be more moment conditions than parameters available (model is overidentified). The parameter estimator that minimizes (19) is Hansen's GMM. The weighting matrix Wur can be optimally chosen to minimize the asymptotic covariance matrix of the GMM estimator. The covariance matrix is
where Dur, 2N x m, are the derivatives of gur with respect to the parameters evaluated at the GMM estimator, and m is the number of parameters. The procedure of Hansen (1982) , Newey and West (1987a) , or Andrews (1991) can be used to construct the optimal weighting matrix which is a consistent estimator of the underlying distribution of the residuals.
There are three ways to use the GMM approach to test efficiency. The first, suggested by MacKinlay and Richardson (1991) , uses the GMM procedure without imposing the efficiency restrictions that a = O. In this case, there are m = 2N parameters and 2N sample moments conditions. The system is exactly identified and we can choose the estimator of the alphas and betas so that all the sample moments conditions are zero. Since the model is linear, the parameters will be precisely the ones estimated with ordinary least squares. However, the standard errors will be different in the presence of heteroskedasticity.
Let the asymptotic covariance matrix for the alpha estimators alone be Da, which is obtained from (20) and is an N x N matrix. Then, under the null, the covariance matrix can be factored out to give a x2 test for the efficiency:
HI =a'D;la"'x~.
Of course, this test is just the Gibbons, Ross and Shanken (1989) test using the variance-covariance matrix obtained from the GMM estimation.
The second way to test a = 0 is to estimate the restricted model: N parameters (one P for each country, the (X are restricted to equal zero). Henc,e, the system is overidentified and the X2 statistic has N degrees of freedom. This statistic, H2 =g;wrgr~X~,
provides a test of the model's restrictions. In this case, the subscript 'r' denotes restricted. The third testS follows Gallant and Jorgenson (1979) .9 The idea is to estimate the restricted model (22) 
The statistic is X2 distributed with degrees of freedom equal to the number of restrictions, which in our case, is N. Of course, all of these tests are asymptotically equivalent. However, in small samples, their performance could be different. Hence, it is of interest to examine many different ways to test for efficiency. In our empirical work, we focus on the last two GMM-based efficiency tests. 9For implementations of this statistic in asset pricing tests see West (1987b), Eichenbaum, Hansen, and Singleton (1988) , Harvey (1989) , and Eichenbaum and Hansen (1990) .
laThe 16 OECD countries are Australia, Austria, Belgium, Canada, Denmark, France, Germany, Italy, Japan, the Netherlands, Norway, Spain, Sweden, Switzerland, the United Kingdom, and the United States. Morgan Stanley also has data on Finland and New Zealand but only from December 1987. Data are available for Singapore/Malaysia but dividend data are not available for the full period. As a result, these countries are omitted from the empirical analysis. Security Prices (CRSP) at the University of Chicago.ii There is a 95% correlation between the MSCI Japanese excess return and the Nikkei 225 return. An important difference between the MSCI indices and other national indices such as CRSP is the exclusion of investment companies and foreign domiciled companies. These stocks are excluded to avoid double counting. The weight that each country commands in the MSCI world index is also reported.12
All returns are calculated in excess of the U.S. Treasury bill that is closest to 30 days to maturity on the last trading day of the month. Data from [1970] [1971] [1972] [1973] [1974] [1975] [1976] [1977] [1978] [1979] [1980] [1981] [1982] [1983] [1984] [1985] [1986] [1987] [1988] are drawn from the CRSP Government Bond File. The data for 1989 are from the Wall Street Journal. Holding period returns are calculated in the same way as Fama (1984) . .
Summary statistics
Means, standard deviations, as well as tests for autocorrelation, heteroskedasticity, skewness and kurtosis of the monthly returns from January 1970 to May 1989 are provided in Table 1 . The highest mean excess return over the sample is from the Hong Kong market. Hong Kong also has the highest volatility. The United States has one of the lowest average returns. However, the volatility of the U.S. stock returns is lower than any other country.
The world market portfolio is the value-weighted average of the country returns. The world portfolio has a lower standard deviation than any individual country. Comparing the country portfolios to the world portfolio, there are seven countries (including the U.S.) that are unconditionally dominated by the world market portfolio. That is, given a choice between investing in one of these countries and the world portfolio, the world portfolio is a better investment for the risk averse investor because it delivers a lower unconditional standard deviation and a higher unconditionally expected return.
Of the 17 countries and the world portfolio, the chi-square tests for the presence of autocorrelation reveal that only five countries have significant autocorrelation. These countries are Austria, Denmark, Italy, Japan and Spain. The test results are driven by high first-order serial correlation in Austria, Italy, Japan and Spain. In addition, both Austria and Denmark have significant seasonal autocorrelations.
II However, MSCI index is more weighted towards large firms than the CRSP value weighted index. See Harvey (1991) .
12MacDonaid (1989), French and Poterba (1991) and Fedenia, Hodder and Triantis (1991) show that the MSCI world index gives too much weight to the Japanese stocks because of the large amount of cross corporate ownership. However, other indices such as the FT -Actuaries World Index which is compiled by The Financial Times, Goldman, Sachs and Co., and Country NatWestjWood Mackenzie suffer from the same problem. In 
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... ~.- Table 1 also presents tests for autoregressive conditional heteroskedasticity (ARCH). Interestingly, there are only four countries that exhibit significant ARCH patterns. However, this test does not rule out more general forms of conditional heteroskedasticity.
The final columns in table 1 present skewness and kurtosis statistics as well as the exact p-value testing the null hypothesis that the data are drawn from a normal distribution. Significant skewness is found in nine of the 18 portfolio returns. Interestingly, the U.S. and Japan, the two largest equity portfolios, do not exhibit significant skewness.13
The analysis of kurtosis shows much more dramatic departures from normality. All but two of the portfolios exhibit significant kurtosis. For the U.S., we can reject that the data are drawn from a normal distribution. With Japan, the p-value is 0.086, so we cannot reject that the data are drawn from a normal distribution at the standard 5% level of significance. 14 The significant departures from normality detected in the returns foreshadow the conclusions from diagnostic tests on the disturbances in (15). The nonnormality in the returns will probably carryover into non-normality of the disturbances.
Empirical results
4.
Multivariate Table 2 reports the results of estimating (15) with ordinary least squares. The MSCI world returns account for between 9 and 75% of the variance of the country returns. In all but one of the regressions, the intercept is indistinguishable from zero using the classical p-value. The exception is Japan where the intercept is close to three standard errors from zero.
The Gibbons, Ross and Shanken (1989) test of whether the intercepts are zero is presented at the bottom of table 2. For all 17 countries under consideration, the test does not reject the null hypothesis that the world portfolio is meanvariance efficient. The classical p-value is 26%. The test was recalculated using the Group ot Seven (G-7) countries.1s ; 13We also computed the asymptotic p-values which, in most cases, were consistent with the exact p-values. This is due to the reasonably large sample (233 observations). 14It is possible to obtain an exact p-value for the test of multivariate normality. However, the estimated CPU time on a Sun Workstation is 2000 hours compared to only two hours for the univariate tests. Given that the univariate results find departures from normality, it is likely that the multivariate tests would also find departures. 15The G-7 countries are Canada, France, Germany, Italy, Japan, United States and the United Kingdom.
C.R. Harvey and G. Zhou, International asset pricing tests under normality Table 2 Ordinary least squares regressions of the country index excess returns (calculated in U.S. dollars) on the excess return on the world market portfolio based on the assumption of i. Standard errors are in parentheses. The country returns are calculated in U.S. dollars in excess of the holding period return on the Treasury bill that is closest to 30 days to maturity. The equity data are from Morgan Stanley Capital International.
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These countries account for 90% of the world index. While the classical p-values are smaller, the null hypothesis that the world portfolio is meanvariance efficient is not rejected at standard significance levels.16 The p-values are smaller because Japan is given a larger relative weight when there are fewer portfolios examined.
The tests suggest that the efficiency of the MSCI world market portfolio cannot be rejected. An alternative view is the portfolio is inefficient and test is misleading because of the distributional assumptions. As such, it is important to conduct diagnostics on the regression residuals.
Are the regression residuals normal?
Diagnostics of the regression residuals is the next step in our analysis. This is particularly important given the evidence in table 1 that many of the returns deviated from the normality assumption. Tests for autocorrelation and heteroskedasticity of the residuals are presented in table 3. The tests use both six and twelve lags of the returns and squared returns in order to isolate the influence of any seasonality. Exact tests for skewness and kurtosis are also detailed in table 3. Ljung and Box (1978) tests of the first six autocorrelations reveal significant test statistics in 6 of the 17 countries. When the order of the test is increased to 12, we can reject the hypothesis of zero autocorrelation in two additional countries: Canada and the United States.
Tests of ARCH are also presented in table 3. While significant ARCH effects found in 5 countries, these the are only countries include United States, Germany and the United Kingdom which are some of the largest portfolios. As is true with the results in table 1, the ARCH tests focus on one particular type of heteroskedasticity, the autoregressive. It is possible that the residuals exhibit a more general type of heteroskedasticity not detected with this test.
Skewness and kurtosis statistics are presented for the regression residuals in the final columns of table 3. The exact p-value for the test of the null hypothesis that the resid.uals are normal is presented in parentheses. On the basis of the skewness test, we can reject normality for seven of the 17 countries. With the kurtosis test, there is evidence against the null hypothesis for 14 countries at the 5% level and 15 countries at the 10% level of confidence.
The message from table 3 is that the residual distributions are not normal. Next we re-estimate the multivariate tests assuming alternative distributional assumptions.
16Using a sample of 13 country indices and data from 1982: 1 to 1988: 6, Cumby and Glen (1990) also cannot reject the null hypothesis of the mean-variance efficiency of the MSCI world index. C.R. Harvey and G. Zhou, International asset pricing The country returns are calculated in U.S. dollars in excess of the holding period return on the Treasury bill that is closest to 30 days to maturity. The data are from Morgan Stanley Capital
International. P j is the autocorrelation coefficient for lag j. The p-values associated with the skewness and kurtosis statistics are tests of the null hypothesis that the data is dra wn from a normal distribution. 125 C.R. Harvey and G. Zhou, International a,sset pricing Table 4 presents the versions of the Gibbons, Ross and Shanken (1989) test when the residuals are assumed to follow two types of multivariate t distributions and mixture normal distributions. Both the mixture normal and the t distribution are chosen because these exhibit skewness and kurtosis which better approximate the empirical distribution of the data detailed in table 4.
The first panel of table 4 presents the tests with the t distributions. Two types are chosen: degrees of freedom equaling 10 and degrees of freedom equaling 3. This represents small and large departures from normality. However, the test results show that the p-value is virtually unaffected from the case of multivariate normality. In the case of a large departure from normality (degrees of freedom = 3), the p-value when 17 countries are used in the test is 0.248 compared to 0.257 when normality is assumed. With the group of seven countries, the p-value is 0.076 compared to the value of 0.080 reported in table 2.17 Table 4 Multivariate tests of the efficiency of the Morgan Stanley Capital International world portfolio using alternative distributional assumptions. Based on monthly data from January 1970 to May 1989 (233 observations). 
Distribution of residuals
Multivariate tests without parametric distributional specifications
The final table presents tests that make no parametric distributional assumptions. Hansen's (1982) generalized method of moments technique only requires that the data are stationary and ergodic -and even these are only sufficient assumptions. The technique is also robust to conditional heteroskedasticity of a general form. Table 5 presents estimates of (15) in its unrestricted form. The parameter estimates are identical to the OLS estimates presented in table 2. However, the standard errors are different. Note that the standard errors on the slope coefficients are generally larger. However, the standard errors on the intercepts are, in most cases, smaller than the ones reported in table 2. This would lead one to expect that the multivariate tests would provide more evidence against the efficiency of the world index.
In estimating the restricted system (22), the p-values of the overidentifying conditions (test H 2) are lower than the ones reported under the assumption of normality and conditional homoskedasticity. For the 17 country system, the p-value is 0.238 which does not change the inference. However, for the seven country system, the p-value drops to 0.063 which is close to the rejection region given the standard level of significance at 5%.
The second test estimates the restricted system (22) using the unrestricted weighting matrix (test H 3). Harvey (1989 Harvey ( , 1991 presents evidence that this test may be more powerful in detecting deviations from conditional mean-variance efficiency. Indeed, the test results in the last panel of table 5 indicate that the p-values drop substantially. With the 17 asset system, the p-value is 0.157 (compared to 0.257 under normality). With the 7 asset system, the p-value is cut in half to 0.047 compared to the one under normality.
Although the p-values drop, we still are unable to reject the mean-variance efficiency of the MSCI with 17 assets. When the number of assets is specialized to the group of seven countries, we now can reject efficiency at the 5% level.
C.R. Harvey and G. Zhou, International asset pricing Table 5 Generalized method of moments estimation of the linear relation between country index excess returns (calculated in U.S. dollars) and the excess return on the world market portfolio. The regressions are based on monthly data from January 1970 to May 1989 (233 observations The country returns are calparentheses.
The equity data are from Morgan Stanley Capital International
Conclusions
With increasingly integrated world capital markets, it is a mistake to ignore the affect of global factors in risk management. This paper explores the use of a simple version of the Sharpe (1964) and Lintner (1965) capital asset pricing model in an international setting. This model posits the existence of a single factor -the value weighted world market portfolio. Each country has a risk exposure to the world portfolio and differential expected returns across countries are determined by the relative risk exposures.
The primary implication of this model is the mean-variance efficiency of this world market portfolio. Our proxy for the world market portfblio is the Morgan Stanley Capital International world equity portfolio. Our goal is to test its efficiency and to assess the sensitivity of these tests to the distributional specifications.
Our empirical work shows that the efficiency of the MSCI world index cannot be rejected at standard significance levels when all 17 country portfolios are used in the tests. When the tests are specialized to the group of seven countries, the p-values for the tests drop. However, this is not unexpected. The strongest evidence against the model comes from the Japanese equity portfolio. The expected return in Japan (January 1970 -May 1989 is too high compared to the measured risk. In the test with seven countries, more relative weight is given to the Japanese portfolio and which leads to lower p-values. However, it should be noted that if recent data are used, the size of Japan's intercept is greatly reduced.
Our investigation of the model residuals finds evidence of heteroskedasticity and significant departures from normality in the form of skewness and kurtosis. We adjust the multivariate tests of efficiency to account for alternative distributional specifications: multivariate t and multivariate mixture normal. Exact tests are presented. Although the p-values are generally lower, the basic inference is unchanged.
Finally, we drop all parametric distributional assumptions. We present tests based on the generalized method of moments that allow the data to be non-i.i.d and allows for general forms of conditional heteroskedasticity. The p-values of the multivariate tests are substantially reduced. However, the main conclusion is unaffected.
Our paper suggests that it is difficult to reject the efficiency of the MSCI world market portfolio. Even after extensive sensitivity analysis, involving alternative distributional specifications (multivariate t, mixture normal, nonparametric versus multivariate normal), we cannot reject the efficiency of this portfolio. As such, our paper suggests that measuring the risk of securities by the covariance with the MSCI portfolio is a meaningful first step in global management.
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